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Introduction
In pedigree-based model, parents-offspring misidentifications often exist and cannot be all solved by preliminary consistency analysis. Many of these unidentified pedigree errors could be solved when dealing with genomic relationship matrix instead of numerator relationship matrix, because the marker relationship is considered under genomic approach (VanRaden 2008) . However, the use of genomic methodologies requires the availability of suitable reference population for every trait, which will often mean several thousands of animals with records and genotype, especially in scenarios where a large number of proven sires for economically relevant traits is seldom obtainable, such as for beef cattle, pigs and chickens (Brito et al. 2011; Van Eenennaam et al. 2014) . In such circumstances, molecular marker information can be used to detect and to correct progenitor-progeny errors and improve pedigree-based relationships. Van Vleck (1970b) reported that errors in the pedigree and/or lack of information on kinship affect the rate of genetic gain because it reduces the correlation between the true and predicted breeding values. Many studies evaluated the losses on variance components and genetic parameters estimation (Van Vleck 1970a,b) , and the consequences in genetic evaluation of animals and plants (Habier et al. 2010) due to incompleteness of pedigrees.
Among the traits of interest for genetic evaluation in beef cattle is the resistance to the tick Rhipicephalus (Boophilus) microplus, which is responsible for damage to animal health because it transmits diseases and causes anaemia, debilitation, weight loss and death. All these factors are responsible to reduce the production systems efficiency. Traditionally, the ectoparasites are controlled primarily with the topical and/or parenteral application of chemicals. However, the existence of natural variability for resistance in cattle populations can be exploited to increase the frequency of favourable alleles that control the genetic resistance. In this sense, the inheritance of resistance to ticks and the selection of animals have been the aim of several studies (Oliveira et al. 2013) . The selection of genetically superior individuals is conditional upon accurate breeding value predictions which, in turn, are highly depend on how precisely relationship are represented by pedigree. For that purpose, the numerator relationship matrixwhich is a pedigree-based matrix -is essential as a priori information in mixed model equations.
Nevertheless, up until now there are no studies evaluating the effect of relationship correction using SNP markers on pedigree-based genetic evaluation of beef cattle. SNP markers can be used to check Mendelian conflicts between parents and progeny genotypes with subsequent use of this information to increase the quality of relationship information among animals in a given population (Wiggans et al. 2010) . In this context, this study aimed to evaluate whether and how the correction of the relationship information using SNP markers affects the prediction of genetic merit for tick resistance of beef cattle.
Material and methods

Phenotype and genotype data
Records of tick counts in Hereford and Braford cattle breeds used in this study were derived from joint research programme carried out by Conexão Delta G Breeding Program, Gensys Associated Consultants and Embrapa South Livestock. All institutions are located in the Rio Grande do Sul State, Brazil. Animals participating in the genetic evaluation programme were evaluated by counting adult tick females attached to one side of their bodies to evaluate individual resistance to this parasite.
The studied trait was transformed by log 10 ðx i þ 1:0001Þ, where x i is the number of ticks. This transformation was employed to ensure residual normality required to fit the considered linear mixed model. Individuals kept in the data file were between 326 and 729 days old at the time of the count. The contemporary groups (CG) were formed by the combination of the effects of farm, sex, year of birth, management group and count date. Records of CG with less than five animals and counts above or below 3.5 standard deviations in comparison with the CG mean were discarded from the data file. After restrictions, 146 contemporary groups remained. The edited data file included records of 4363 animals raised under extensive conditions. Of these individuals, 2188 animals had three subsequent tick counts, 1934 had two counts and 241 had only one count. Therefore, the total number of records was 10 673, of which 2369 records were from Hereford animals, and 8304 were from Braford animals with a maximum of ¾ of Zebu proportion. The heterozygosity effects and recombination loss were calculated as proposed by Cardoso & Tempelman (2004) ), genotype call rate (CR) (<98%), minor allele frequency (MAF) (<3%), near-perfect collinearity with another SNPs (r > 0.98) and SNPs in the same position. The criteria adopted to reject samples were CR <90%, heterozygosity deviation above three standard deviations, sex identification errors and identical genotypes between different individuals (more than 99.5% of similarity for all markers). A total of 41 045 markers from the BovineSNP50 chip remained after quality control. Bovine HD genotypes were filtered to retain just the 34 042 autosomal markers in common (overlapped) with the BovineSNP50, after quality control. Missing genotypes (0.89% of all genotypes) were imputed according to the sliding windows method using FImpute software .
Strategy for parentage corrections
The correctness of the pedigree relationship was evaluated for all genotyped parent-progeny pairs. Mismatches were identified based on the Mendelian conflicts counts, as proposed by Wiggans et al. (2009) . The authors defined a conflict as the case when the progeny has a homozygous genotype, and one of the parents has a contrasting homozygous genotype. When the rate of conflicts exceeded 1% (threshold) of the total SNPs, the parentage was rejected, and an alternative parent was sought among the genotyped of the appropriate sex in the population. This approach was applied in the original pedigree file (Pedigree 1), and after corrections, a new improved pedigree was generated (Pedigree 2). The SeekParentF90 software (Aguilar 2014 ) was used to perform these assessments.
Approximately 60.54% of genotyped individuals in the population had unknown paternity due to the use of multiple-sire breeding management with non-genotyped sires. Thus, we adopted the approach described by Fernandez & Toro (2006) to reconstruct half-sibs families within multiple-sire groups and set up new half-sibling relationships using Pedigree 2 as starting pedigree file. This method uses the correlation coefficient between the pedigree coancestry matrix and molecular coancestry matrix as a criterion for pedigree reconstruction. A common phantom parent was attributed to each identified family of genotyped individuals who had no sire in Pedigree 2, thus generating new half-sibling genetic relationships in the Pedigree 3.
Statistical model and variance components estimation
Variance components and genetic parameter estimates were obtained using the software GIBBSF90, described by Misztal (2008) , which uses a Bayesian approach via Gibbs sampling. A total of 500 000 cycles were considered with a sampling interval of 50 samples and discarding the 100 000 initial samples (burnin). Convergence was assessed by Geweke criterion, which consists in an approximated Z-test comparing two different segments of MCMC chain (Geweke 1992) . The null hypothesis assumes these two segments being from a common stationary distribution (e.g. chain convergence).
The following repeatability animal model in matrix notation was used to perform the analysis:
where y is the observation vector, X, Z and W are incidence matrices that relate y to the systematic effects vector b ¼ fb j g $ Nðb 0 ; V b Þ, where V b is a diagonal matrix of the a priori variance of b, assuming V b ? ∞. Moreover, the following distributions were assumed for additive genetic effects vector ujr In the systematic effects, contemporary groups were considered as classes, whereas the Zebu breed proportion, heterozygosity and recombination loss were included as linear covariates, and the age at the time of counting as a linear and quadratic covariate.
The following assumptions for the adopted model were considered: where, A is the numerator relationship matrix of Wright among all animals, and I is an identity matrix.
Under a Bayesian approach, the following joint distribution of the observed data (likelihood function) and the following a priori probability distributions for the parameters were considered: Each of the three pedigree files considered in this study generates a specific genetic (co)variance structure among the different levels of the additive genetic effect, that is, a different numerator relationship matrix. In this regard, each analysis was considered as a specific model and compared using the deviance information criterion (DIC) (Spiegelhalter et al. 2002) . The DIC was used as a global fit criterion and is defined as a function of the posterior deviance (DEV):
where, h 
where, Dð hÞ ¼ À2logpðyj h; MÞ is the deviance evaluated at the posterior mean of all parameters ð hÞ in model M. Thus, the DIC for the models is determined as follows:
Smaller DIC estimates are indicative of better model fit and smaller p D of lower degree of model complexity.
Prediction accuracy of breeding values
We performed best linear unbiased prediction (BLUP) analyses to estimate the prediction error variance (PEV) assuming a priori variance components estimated under the Bayesian approach. This strategy was used to derive accuracies of individual breeding values estimated from mixed model equations, which were then used to evaluate the accuracy gain when performing pedigree corrections, based on SNP data. For a given animal i, the model derived prediction accuracy ðq uû i Þ of its genetic valueû i was estimated by :q
where PEV i is the prediction error variance ofû i and r 2 u is the estimated additive genetic variance under Bayesian approach.
Cross-validation
Cross-validation is a robust technique for model evaluation, and it was used in this study to compare the predictive ability of the different pedigree models. In summary, the K-means clustering method was applied to the dissimilarity matrix obtained from genomic relationship matrix. Each dissimilarity matrix value was computed as
where d ij is a measure of genomic distance between individual i and individual j; g ij is the additive genomic relationship between individual i and j; g ii and g jj are diagonal elements of genomic relationship matrix of individual i (or j). A total of 5 clusters (fivefold) were defined. Kmeans method intends to group the most genetic related individuals together and split less related individuals in different clusters (Saatchi et al. 2011) . Alternatively, groups were formed by randomly sampled the individuals to the training and validation sets, such that relationships were equivalent within and between groups. Additional details about the two cross-validation strategies and about the considered population can be found in Cardoso et al. (2015) . The posterior means of the variance components were used as a priori information to derive BLUP for the validation group using phenotypic data just of the training set. The prediction ability calculated from cross-validation was defined as the correlation between the adjusted tick counts ðy Ã ¼ y À Xb À W c peÞ and the predicted values ðŷ Ã ¼ûÞ from the validation dataset,r y ÃŷÃ ¼ rðy
Aiming to assess significant statistical differences between the predicted breeding value accuracy among validation sets, an analysis of variance was performed using the replicates obtained from fivefold cross-validation strategy. The Tukey's test (a = 0.05) was adopted to evaluate significance of mean differences.
Results
Using SNP markers information, corrections in the original pedigree (Pedigree 1) were made to generate Pedigree 2. A total of 460 corrections in relationship definitions were made (Table 1) corresponding to 1018 (9.5%) tick count records. Among these changes, 97.2% (447) were related to the sire's information, and 2.8% (13) were related to the dam's information. We observed 27.2% (236/868) of Mendelian conflicts for sire-progeny genotyped pairs and 14.3% (13/91) for dam-progeny genotyped pairs. In Pedigree 3, besides the corrections on parentage information present in Pedigree 2, phantom parents were assigned to 2174 individuals, generating 704 new half-sib families.
The distribution of the number of SNP markers of Mendelian conflicts identified in Pedigree 1 was remarkably different for matching and mismatching parent-progeny pairs (Figure 1) . The mean AE SD number of conflicting genotypes for matching pairs was 17.73 AE 9.28 SNPs (range: 0-75), which corresponds to 0.04% of the total number of SNPS (41 045) with the observed maximum of 0.18% Mendelian conflicts. This value was far below the established threshold of 1% conflict tolerance. For mismatching pairs, the corresponding mean was 2704.13 AE 408.68 SNPs (range: 595-4993), which is equivalent to 6.59% of the total markers evaluated and ranges between 1.45 and 12.16%.
Model choice
The DIC indicated that the model considering Pedigree 3 had a better fit than the models that considered Pedigree 1 or Pedigree 2 ( Table 2 ). The improvement of the relationship matrix resulted in better overall fit (decreased DEV) and also smaller effective number of parameters, determining factors for the smaller DIC value of the model that used Pedigree 3. As pedigree information was augmented, we improved the correlation structure between breeding values of related individuals. This higher interdependency between genetic parameters may be the factor driving the observed decrease in effective number of parameters from Pedigree 1 to Pedigree 2 and from Pedigree 2 to Pedigree 3 ( Table 2) .
The difference between the DIC values calculated in this study ranged from 34 to 47 between the models that used pedigrees 1 and 2 and between models that used pedigrees 1 and 3, respectively. Following Spiegelhalter et al. (2002) , DIC differences greater than seven units are indicative of substantial support (evidence) of the model with the smaller DIC.
Variance components and genetic parameters
The Geweke convergence criterion (Table 3) indicates convergence of all dispersion parameters in the three models when generating 500 000 MCMC chains, 100 000 samples for burn-in and a sampling interval of 50, totalling 8000 effective samples used for variance component estimation. The effective sample size (ESS) was used to estimate the number of independent samples with information equivalent to that contained within the dependent sampling. Even though Stock et al. (2007) in a simulate study showed that variance components and genetic parameters were not statically significant due to different ESS estimates. We wanted to assure that all ESS were at least 100 for all dispersion parameters in this study (Table 3) .
Similar posterior mean, mode and median of variance components within each of the three pedigree files (Table 3) indicate that their marginal posterior distributions are fairly symmetric (Figure 2) . As the quality of the relationship information increased from Pedigree 1 to Pedigree 2 and from Pedigree 2 to Pedigree 3, the estimated additive genetic variance tended to have greater magnitude and the permanent environmental variance had proportionally smaller values. Despite the overlapping of highest posterior density (HPD) intervals for the parameters among models (Table 3) , which suggest no significant difference between them, there was a clear and expected trend of attributing a larger proportion of the repeatability to the additive genetic component as pedigree information improves. Thereby, heritability was greater for Pedigree 3 than Pedigree 2, which was greater than Pedigree 1. Moreover, the model using Pedigree 3 had the shortest interval of HPD for the additive genetic and permanent environmental variances. The posterior standard deviations of the estimated parameters were similar among the different models (Table 3) . Finally, Figure 2 shows that there was no significant effect on the residual variance estimates when using different genetic (co)variance structures.
Predicted breeding values and accuracies
Spearman rank correlations between the predicted breeding values were assessed, considering different ratios of candidates for selection and parentage modifications (Table 4) . Table 4 presents Spearman correlations between estimated breeding values considering different genetic (co)variance structures (A matrices based on different pedigrees) for the subset of individuals with direct changes in their parentage assignments and the alternative set of individuals that had no corrections on pedigree and remained with unchanged parentage. Considering only the animals that had changed parentage, the magnitude of the predicted breeding value correlations was higher between the models that used pedigrees 2 and 3 than between pedigrees 1 and 2 or 1 and 3. The lower the ratio of the individuals selected, the lower the correlation between the models, particularly between pedigrees 1 and 3. Despite the new relationships added in Pedigree 3, based on rank correlations presented in Table 4 , the most significant changes in the genetic (co)variance matrix occurred from Pedigree 1 and Pedigree 2, when direct parent assignments were altered. Scatter plots of the breeding values accuracy between different pedigree files of the 10% top individuals with parentage corrections are shown in Figure 3 , which shows that quality improvement in the genetic relationship information provided higher accuracy values. This can be observed in the lower limit of the dispersions that pertain to individuals with accuracy estimates equal to 0.40 according to Pedigree 1, while they have values greater than 0.55 according to pedigree 2 and 3.
The parentage corrections provided higher average accuracy values (Table 5 ). The model that used Pedigree 3 exhibited a higher mean accuracy in relation to models that used pedigrees 1 or 2 for all selected proportion of individuals.
Cross-validation
The cross-validation average predictive ability using K-means and random groups for the pedigrees are shown in Figure 4 . There was no interaction between the clustering strategy and pedigree correction. As expected, random selection strategy provided higher predictive ability than K-means strategy. In concordance with the behavior of individual accuracies from PEV, in general, a higher quality in the relationship information produced an average predictive ability of greater magnitude (Figure 4) .
Discussion
Mendelian conflicts
The present study evaluated the gain in tick resistance breeding value prediction accuracy improvement when correcting the genetic relationships defined in beef cattle pedigree based on SNP information.
There was an increase in the quality of the genetic relationship of 460 animals, whereas most of the misidentifications were related to sire information (Table 1) . Records used in the present study came from farms that use multiple-sire mating and with the availability of bulls and progeny genotypes, 211 animals that had no defined sire in the original pedigree could be associated with their actual sire. Conflicts were also observed in the identification of genotyped dams (14.3%), suggesting some problems with calving recording at the farms, but in a lesser extent compared to sire assignments (27.2%). Different results were reported by Wiggans et al. (2012) who assessed Mendelian conflicts between parent and progeny of Holstein, Jersey and Brown Swiss cattle using 3K SNPs and found an equal rate of bull and cow conflicts for dairy breeds. This may be due to differences in calving management between dairy and beef operations.
Matching parent-progeny relationships had very low conflict rate between the markers' genotypes of the progeny and their parents (average of 0.18%), demonstrating high certainty to confirm that the relationship was correct. Although the identification of Mendelian conflicts was performed evaluating one parent at a time, the correction of errors in the pedigree could be performed with high accuracy using 41 045 SNPs. There was a wide gap between the maximum number of conflicts for matching pairs (75) and the corresponding minimum for mismatching pairs (595), suggesting high precision in the correction of relationships. Wiggans et al. (2009) using 37 811 SNP markers in a population of Holstein cattle, despite finding a smaller average number of conflicts than the present study, being of 2.3 (range: 0-89) for a match relationship and of 2411 (range: 754-3507) for mismatch relationship, also had a safe gap between the number of conflicts distribution for these two Figure 2 Posterior density of additive genetic, permanent environmental, residual variance, heritability and repeatability using different genetic (co)-variance structures of the original pedigree (Pedigree 1), a pedigree corrected for Mendelian conflicts (Pedigree 2) and a pedigree that reconstructed half-sib families (Pedigree 3).
situations, confirming the utility of medium density SNP panels for pedigree correction.
New half-sibs' families
The identification of 2174 new half-sib relationships provided higher numeric values for additive genetic variance and heritability estimates. The positive trend in these parameters when improving relationship information indicates that usage of incomplete pedigrees may lead to downward biased estimates of the proportion of the phenotypic variance that can be attributed to additive genetic factors (Table 3) . Despite the minor difference in off-diagonal correlation between genomic relationship matrix and numerator relationship matrix of 0.818 and 0.807 for pedigrees 3 and 2, respectively, accuracies presented different magnitudes. Most of this improvement in accuracies was related with the increase in nonzeros elements of pedigree-based relationship, in which Pedigree 3 had 19 814 more genetic links than Pedigree 2.
Model fit evaluation
The DIC of the model considering Pedigree 3 was lower than that found using Pedigree 1 or Pedigree 2 (Table 2) , indicating the superior fit of the model that adopted Pedigree 3, exceeding almost five times the value of 7 units difference between models considered as relevant for this criterion (Spiegelhalter et al. 2002) . The DIC criterion is well established and has been successfully applied in several studies as a model selection criterion. In the present study, the results for criterion reassure the importance of having reliable pedigrees to obtain accurate breeding value prediction using animal models.
Variance components and genetic parameters
The HPD, which is the interval that maximizes the posterior density, had shorter range between the 2.5 and 97.5% quantiles for the additive genetic and permanent environmental variance components under the model that used Pedigree 3 (Table 3 ). This suggests less uncertainty for these parameter estimates when a more accurate pedigree was used. It is important to highlight that higher additive genetic variance and lower permanent environment estimates were somewhat expected as a consequence of relationship improvement in an animal model with repeated measures. Improvements in the additive genetic relationships due to pedigree corrections change the structure of A and, as a consequence, permanent environmental effects will also be affected as they are jointly estimated under a Bayesian framework. In this context, the variance partition was largely due to re-estimation of u and pe effects after pedigree corrections. Correcting the relationships also produced higher heritability estimates (Figure 2 ), suggesting the possibility of applying direct selection for cattle resistance to ticks. The main consequence of pedigree misidentifications is the reduction in the annual rate of genetic gain, mainly due to incorrect heritability estimates and incorrect prediction of breeding value, inducing inadequate selection of candidates (Sanders et al. 2006 ).
Implications of relationship corrections on genetic evaluations
The computation of traditional relationship matrix (i.e., based on identity-by-descent theory) does not account for the genetic content information shared between two individuals that are not related by pedigree. However, even in situations where molecular data is available, the decision on the adoption of SNP markers for the genetic merit estimation must consider a broad quantity of factors that directly influence the success of reliable parameters estimation. VanRaden et al. (2009) argue that reliability on genomic predictions strongly depends of the number of genotyped bulls in the reference population. In this sense, it is common that a large reference population size is not available for most traits of interest in beef cattle; nevertheless, misidentifications on parent-progeny pedigree data could be corrected using SNP markers aiming to get more reliable pedigree-based breeding values.
The correlations between breeding values considering different set of animals (changed and unchanged parentage after pedigree corrections based on SNP markers) and accuracy estimates are presented, respectively, in Tables 4 and 5 Pedigree file
Mean predictive ability Figure 4 Average predictive ability of models based on the original pedigree (Pedigree 1), a pedigree corrected for Mendelian conflicts (Pedigree 2) and a pedigree that reconstructed half-sib families (Pedigree 3) from fivefold cross-validations using K-means and random grouping strategies. (Table 4 ) also reflected in changes of accuracy estimates (Table 5 ). In spite of true breeding values are unknown, it is reasonable to suppose that pedigree corrections provide an improvement on accuracy estimates because more realistic resemblance between relatives was achieved. This was observed by the increasing averages of PEV accuracy estimates from Pedigree 1 to Pedigree 2 and from Pedigree 2 to Pedigree 3 across different percentages of selected individuals of the studied population.
Moreover, the evaluation of accuracies dispersion ( Figure 3) showed gains in magnitude of these parameters when correcting the relationship. Banos et al. (2001) reported that misidentifications in relationship modify the family means and also affects the estimation of inbreeding. Thus, the prediction of the genetic merit of candidates is also modified and can lead to breeding value estimates of under-or overestimated magnitudes. Similar results to our study were obtained by Munoz et al. (2014) , who observed that pedigree corrections increase accuracy of plant breeding value estimates. These authors argued that relationship misidentifications lead to incorrect additive genetic variance estimates, which in turn decrease the accuracy of breeding values in genetic evaluations.
In general, it is expected that pedigree misidentifications would be more relevant when the phenotype under evaluation has low heritability, for example reproductive and disease resistance traits (Martinez et al. 2004; Cardoso et al. 2015) . In such cases, individual performance is highly affected by environmental factors and reliable pedigrees are essential to account for phenotypic variation due to genetic factors and also to improve breeding values prediction and selection gain estimation. For traits with greater heritability, as growth and carcass traits in beef cattle (Peters et al. 2014; Kause et al. 2015) , phenotypes are representative measures of genetic merit, and therefore, pedigree errors may have lower impact due to decreased importance of family information. Nonetheless, additional studies are warranted to precisely evaluate the consequences of pedigree corrections in breeding value prediction considering different heritability values and degrees of misidentifications for actual beef cattle breeding populations.
Cross-validation
We observed that the K-means cluster strategy provided lower accuracy than the random strategy. This was expected because the IBS dissimilarity matrix assumes higher values to those animals that share a large amount of identical alleles. Hence, the relationship achieved within clustering is greater than between clusters. Young candidates' breeding values are computed as a function of parent average breeding values and own performance. However, the crossvalidation takes out own performance and evaluates only the utility of pedigree and relative's performance to predict the individual breeding value. Once in Kmeans strategy more related individuals are clustered together in the same group, family record tends to be jointly excluded from the reference population, decreasing accuracies of breeding value prediction in comparison with random grouping, where animals are clustered by chance regardless of their relatedness. Cardoso et al. (2015) obtained prediction accuracies for tick count varying from 0.35 to 0.39 when using K-means, and from 0.42 to 0.45 when using random clustering strategies. Taking into account these results, it is possible to infer about a trend of random clustering methods to report higher predictive ability values.
Ticks are responsible for losses in the production system by damaging the health of cattle. Thus, the identification of genotypes that are resistant to this ectoparasite should be considered a selection objective (Biegelmeyer et al. 2015) , as well as its relationship with other traits of economic interest (Turner et al. 2010) . The misidentification of relationships decreases the accuracy of the selection of superior genotypes, and so the importance of using SNP information to warrant correct genetic relationships becomes crucial during this process.
The corrected relationships were obtained using a medium density panel of 41 045 SNPs, because the dataset was originally generated for genomic selection and we took advantage of these data to demonstrate the impact of correcting genetic relationships on the estimation of breeding values. Even though such panel assured great precision to assess relationships, in practice, a much lower density panel would be required for parentage check purposes, for example the 100 SNP ISAG panel (Sch€ utz & Brenig 2015) . This would result in a much lower investment for genotyping of the parent-offspring pairs for pedigree correction purposes. The choice between using low-density panels that is just suitable for pedigree correction or higher densities that are also useful for genomic prediction will depend on the relative accuracy of genomic and correct pedigree breeding value predictions, genotyping cost and economic value of the trait (s) of interest. In the case of tick resistance, this is a further research topic considering the challenge of ascertain the economic values for tick counts under different environmental challenges and breed compositions.
Conclusion
The use of SNP markers to correct pedigree information increases the reliability of parentage relationships and, consequently, improves the prediction accuracy of breeding values in genetic evaluations of beef cattle tick resistance.
